Introduction

55
The increasing amount of information available on the web places a heavy computational load on the systems that are 56 designed to access, interpret, manipulate, maintain, merge, integrate, infer, and mine this information [21] . The fundamental 57 requirement of information exchange among applications, systems, system agents, and web services is the development of a http://dx.doi.org/10.1016/j.ins.2014.12.040 0020-0255/Ó 2015 Published by Elsevier Inc. 58 consistent and comprehensive model for knowledge representation, which is essential for the sharing of knowledge pertain- 59 ing to research outcomes, sharing information among independent organizations [6] , and the exchange of information 60 among healthcare systems [31] and among heterogeneous systems and services [3] . In order to make the sharing of infor-61 mation possible, there is a need to model the information more appropriately while preserving its semantics. 62 Ontology provides a formal structure (model) with semantics with regard to how an expert perceives the domain of inter-63 est. Ontology is defined as a formal, explicit specification of a shared conceptualization. Ontology is the main source of semantic 64 web information and its services, which helps to clearly define the meaning of resources and achieve a better understanding 65 of the work that is shared between a human and computer systems [35, 40] . Service-Oriented Architecture (SOA) and tic Web Services Technology are becoming more mature and are now widely used [10] . The meaningful information and the 67 machine interpretable information that is contained in ontology helps to create semantic web services that are automated 68 with regard to service discovery, selection, and interoperability [15] . 69 Current web information can be viewed as the evolution of traditional web information, which ranges from a collection of 70 web pages to the integration of those pages with services that these sites can use to interoperate with one another. Inter-71 operability is both collaborative and multifaceted and is needed to overcome the problems of incompatibilities among orga- 72 nizations, structures, data, architecture, services, and business rules [51] . However, since the data, architecture, and services 73 are usually provided by autonomous parties, often high interface, structural, and semantic heterogeneities exist with regard 74 to information storage and exchange [8, 14, 18, 20, 21, 26, 32, 35, 37, 43, 44, 49, 56, 63] . In order to overcome this issue, we utilize 75 the value of data and schema mapping [8, 11, 18, 32, 37, 44, 47, 49, 52] ; in other words, the mapping among schema or ontology 76 elements is the definition of semantic relatedness. Use of ontology in systems dealing with information extraction from a 77 large and complex structured source of information and web services can yield valuable results [4, 8, 11, 18, 20, 32, 47, 59] . 78 The increased use of ontology in Information Systems and Knowledge Sharing Systems also increases the significance of 79 ontology maintenance [21, 37] . However, the large and complex structure and the decentralized nature of the web compel 80 communities to create their own ontologies to represent information [14, 21, 59 ]. Thus, mediation among distributed and 81 autonomous sources is required for exchange of information [8, 18, 21, 32, 44, 49, 63] . 82 The number of information sources is increasing significantly, and this increases the importance of having a sophisticated 83 mechanism to extract information and to manage the heterogeneity among these information sources. Mediation (mapping) 84 is used to align two or more ontologies (information sources) for the purpose of information sharing [5, 8, 32 [44] , are currently considered the best matching and mapping systems. These 88 systems consume a lot of time when mapping large knowledge databases such as Google Classification, 1 Wiki Classification, 2 89 ACM Classification Hierarchy, 3 and MSC Classification Hierarchy. 4 Data-sources are provided by autonomous and independent 90 providers, which means that these data-sources evolve independently from one another and with flexible structures [27] . This 91 results in a change to the existing mapping methodologies, which makes these mappings unreliable with regard to the sharing 92 of information. This is why there is a need for a system that supports mapping for evolving ontologies. Existing systems com-93 plete the mapping process by completely re-creating the mappings among the evolved ontologies, which is a very time consum-94 ing process. 95 Re-creation of mappings is required for mapped ontologies that are dynamic and subject to change. Existing systems take 96 more time to re-create mappings as compared to the process of creating the initial mappings as these systems start the map-97 ping process from scratch; however, the changes in the mapped schemas and regenerated mediation are not significant [27] . 98 Consequently, a less time consuming scheme that can be used in the reconciliation of ontology mappings (mapping evolu-99 tion) in dynamic and evolving ontologies is proposed in this research paper in order to support information exchange and 100 reliable service interoperability. The hypothesis of the proposed approach is to only consider the changed resources in 101 the mapping regeneration process that will not only reduce the time required for mapping regeneration but will also support 102 updated and reliable mappings for information sharing and eliminate stale mappings while preserving the same level of 103 accuracy. To achieve this, our approach uses the Change History Log (CHL) The operation for modification of mappings in the reconciliation process is achieved by executing the operations of
171
Deletion and Addition in sequence. The mapping reconciliation operations highly depend on the dynamics of ontology 172 evolution and ontology evolution dynamics mainly specify which of the mappings dynamics/operations will be activated Change 9 X fX j X 2 D; X:resources:lock ¼ exclusiveg 196 196 197 To add in the atomicity of change, executing it in isolation is implemented using the following axiom. Based on the above discussion and propositions, the axiom given below is used to enforce the overall minimality of the 210 change. It represents the notion (constraint) for keeping the change at a minimal level i.e., one change at a time.
211
Change 9 X fX j X 2 D; X ¼ 1 targetChangeg The core elements of CHO are the OntologyChange and ChangeSet classes. The OntologyChange class has a sub-class called 236 AtomicChange that represents all of the class, property, and individual level changes at the atomic level, as expressed in Fig. 1 .
237
The notion of ChangeSet in CHO is introduced from the Change Set Vocabulary [61] . which is constructed in such a way that it maintains all of the ontology changes in conformance to the CHO.
256
Corresponding to the CRUD interfaces in the databases (excluding read), three categories are used in the CHO to represent 257 operations or change types. The change types include Create (such as ClassAddition, PropertyAddition, and IndividualAddition), For instance, the following statement (see existing mappings are of no use anymore, as they are not reliable and also become stale in this situation. This is why the 297 mappings between these two ontologies need to evolve and why the evolving ontologies need to be up to date. In order 298 to elaborate this concept further, we use two different cases. The inputs for this module are also shown in Fig. 3 After reconciliation, the stale parts of the mappings are removed. The mappings are then updated, as shown in Fig. 3 in   377 the color blue. This process not only eliminates the staleness from the mappings, but it is also more time efficient (as it   378 focuses on the changed resource), making it more suitable for systems and services that deal in information exchange. 3. Implementation and results
380
In this section, we present in detail the results that were achieved with the proposed extensions to those obtained using Table 1 ) to evolve from one state to another. In these experiments, the ontologies are considered in full, including their struc-427 tures and instances. As discussed above, these 25 complex changes were made to every version of the ontologies, which had 428 an effect on both the structure and individuals. The existing algorithms (i.e., Falcon and H-Match) and proposed extensions 429 to these algorithms were tested for both cases.
430
Case 1. In this scenario, only one of the ontologies evolved from one state to another, while the second ontology remained 431 unchanged. Falcon and H-Match were first used to perform the initial mapping between the ontologies and were 432 then used to re-establish the mappings using the changes in the single ontology. Afterward, the proposed exten-433 sions were applied for the changed ontologies to perform mapping reconciliation. As discussed earlier, the existing 434 algorithms start from scratch and thus require more time than the proposed mapping process, as shown in Table   435 1. Our extension to the existing algorithms when using the CHL [38] only considers the changed resources and 436 reconciles the mappings for only the changed resources. The proposed extensions (see Table 1 proposed extensions. The existing algorithms start from scratch and thus they take more time than the previous Case 2. As explained earlier, in this case, both ontologies evolved from one state to another. Case 2 is also the worst case 481 for our proposed system as the mapping reconciliation procedure will look for changes in both ontologies and will 482 also execute the mapping reconciliation procedure for both ontologies. The existing systems were first used to 483 check for the initial mappings between the ontologies and then used to recreate the mapping process in order 484 to account for the changes in both ontologies. For mapping reconciliation, the existing systems with the proposed 485 extensions were then tested using the evolved ontologies. Both the existing systems and the proposed extensions 486 were tested in detail using the data sets provided in Table 3 depends on the number of these changes. As the number of changes in an ontology increases, the mapping time will increase 504 when using our approach. However, it is important to note that this mapping time is still less than those of the original algo-505 rithms. The cascading effects and induced changes are due to the changes that occur at higher levels of hierarchy and are less 506 frequent once a domain ontology becomes more mature [21, 27] . One such case is also visible in Fig. 7 (x-axis = no of tests, y-507 axis = minutes) in which the third bar can be compared between Fig. 7a and b. Fig. 7a shows the results for complex changes, 508 whereas Fig. 7b shows the results for atomic changes.
509
The first bars in Fig. 7a and b are the original times for all of the algorithms to establish the mappings between the Human 510 and Mouse ontologies, whereas the remaining bars represent the amount of time for mapping reconciliation when using our 511 proposed extensions using the CHL. In Fig. 7a , a set of 25 random changes (complex) are introduced to each version of the 512 ontology. In Fig. 7b , the changes (atomic) listed in Table 3 are introduced to each version of the ontology. In the 3 rd bar com-513 bination of Fig. 7a and b, the cascading effects cause the reconciliation procedure to take longer than the other reconciliation 514 tests with the proposed extensions. Nevertheless, even with the cascading effects and induced changes, our proposed 515 approach requires less mapping computational time than the original algorithms. Although reconciled mapping accuracy is not the focus of our research, the accuracy of generated mappings is an impor-518 tant issue. The proposed extensions reduce the amount of time required for mapping reconciliation; however, it is also 519 important to test the effects of the proposed method on the accuracy of reconciled mappings. In this section, the detailed 520 results related to the reconciled mapping accuracy are provided (see Table 4 ) based on atomic level changes. The details 521 of these atomic changes are given in Table 3 . The results in Table 4 Table 4 . During the logging process, every ontology change is logged in the 526 CHL, and this also results in establishing/reconciling redundant mappings (that already exist in the original mappings), pared with results from the proposed extensions to these systems (see Table 5 ). The changes used in these tests are also 538 atomic changes, and the numbers of changes introduced in the different versions of the ontology are listed in Table 5 . Similar ilarly, additional domain and range information is provided for every change in property (excluding property deletion).
549
Improvements were found in the accuracy of reconciled mappings; however, this additional information also increased 550 the time it took to complete the mapping reconciliation process. The second point to consider is the semantic conflicts that 551 cannot be resolved without expert intervention as discussed above, such as the example regarding the HL7 Classes ontology.
552
Currently, the focus is on identifying the missing mappings and the reasons for these missing mappings, which will also help 553 to optimize the proposed system with regard to mapping accuracy. and Mouse ontologies shown in Table 3 were used to demonstrate the effect of the proposed system on memory usage. Information exchange and interoperability are key research issues for many research groups and financial organizations.
648
Mapping between two information sources (i.e., ontologies) is the key for information sharing and achieving interoperability.
649
Systems exist that generate mappings between ontologies to support the exchange of information and interoperability; how-650 ever, these are time consuming when we consider dynamic ontologies from the participating organizations that evolve over 
